Accurate prediction of soil moisture in a land surface model (LSM) is critical in improving land surface and atmosphere interactions in the atmospheric general circulation models used in numerical weather prediction and global climate models. Gravity is a relatively new source of remotely sensed data, available since the launch of the twin Gravity Recovery And Climate Experiment (GRACE) satellites in March 2002. After correction for other signals, gravity provides a measure of terrestrial water storage (TWS) that includes soil moisture and groundwater. However, assimilating gravity data into a LSM to improve soil moisture prediction has not been widely investigated.
Recently Zaitchik et al. (2008) assimilated GRACE data into a land surface model using a sequential method, the Ensemble Kalman Smoother. A variational approach is presented here, using the model independent parameter estimation software PEST to adjust initial conditions of soil moisture for a moving window by minimising the modelled and observed gravity residual. Variational data assimilation is a natural setting for observations that are temporal averages as this method adjusts all predictions in the assimilation (or averaging) window. The ability of variational gravity assimilation to improve soil moisture prediction is illustrated through a case study. This consists of an open loop model run with degraded atmospheric forcing illustrating a worst case scenario, the success of the soil moisture retrieval is then assessed against observations. This paper is a proof of concept, that variational methods can be used to assimilate gravity into a land surface model and it does improve soil moisture predictions.
LAND SURFACE MODEL
The CSIRO Atmosphere Biosphere Land Exchange (CABLE) LSM uses the Clapp and Hornberger (1978) soil water retention curve and corresponding hydraulic conductivity with Campbell's b soil parameter (Campbell, 1974) . The soil water retention curve and hydraulic conductivity are used with the Richard's equation to model soil moisture movement in the profile using six soil layer depths of 2. 2, 5.8, 15.4, 40.9, 108 .5, and 287.2 cm. Soil temperature is also modelled for each soil layer.
DATA
The data requirements for soil moisture retrieval from gravity data assimilation into a LSM include:
• atmospheric forcing data to drive the LSM
• data sets to provide soil and vegetation parameters to the LSM • initial conditions for the LSM (soil moisture and temperature amongst other state variables)
• soil moisture data to assess the soil moisture retrieval (from the gravity data)
• gravity data that is to be assimilated (and that the soil moisture is to be retrieved from), and finally
• perturbed forcing data to create degraded (or open loop) model runs (that will be improved by assimilation).
Further details on the soil moisture and forcing data can be found in Smith et al. (2011) and Siriwardena et al. (2003) while details on the perturbed forcing (and perturbation method) are given in Pipunic et al. (2011) and Turner et al. (2008) .
Forcing
CABLE requires atmospheric forcing data (that would be provided by the host atmospheric model in a coupled mode) to run offline. This data includes: precipitation, air temperature and pressure, relative humidity, wind speed, and downward short and long wave radiation at hourly (or finer) temporal resolution. The forcing data used for this study is documented in Siriwardena et al. (2003) and is primarily data from an automatic weather station (AWS) 20 km north of the study site. Rainfall is measured at all locations (AWS, two soil moisture sites, and EC flux station) with 0.2 mm resolution tipping bucket raingauges.
Parameters
Global (2 • ) resolution) spatially varying soil and vegetation parameters provided with CABLE are based on the datasets used by Potter et al. (1993) . Soil parameters are derived from the FAO/UNESCO soil map of the world and given as 9 soil types. Similarly vegetation parameters are provided for 13 vegetation classes. The default soil and vegetation parameters need to be augmented with leaf area index (LAI) which is calculated from remotely sensed (AVHRR) 0.05 • monthly average woody and herbaceous fractional cover for the period 1981-1994 (Lu et al., 2003) .
The model (soil) parameters that affect soil moisture prediction are tuned for the study site to improve predictive capacity. Soil hydraulic properties are sourced from a high resolution soil survey of the Kyeamba Creek catchment (John Gallant, pers. comm., 2002, CSIRO Land and Water) and are average A horizon parameters for the O'Briens Creek soil unit (ob) as the B horizon parameters are sparse and unreliable (Smith and Zhang, 2007) . Parameters sourced from the map include bulk density, saturated hydraulic conductivity, field capacity and wilting point (actually soil moisture at 0.1 bar and 15 bar). Saturation θ S is calculated from bulk density ρ b and the equation of Williams et al. (1992) . Campbell's b parameter is given by the soil water retention curve after solving simultaneous equations for field capacity and wilting point. Similarly soil suction at saturation is calculated from the soil water retention curve using Campbell's b, saturation and field capacity.
Initialisation
The 
Evaluation
The LSM (and later the soil moisture retrieval) is assessed against 0-30, 30-60 and 60-90 cm soil moisture data for a valley site (K10) in the temperate Kyeamba creek catchment, part of the Murrumbidgee Catchment in the Murray Darling Basin, Australia (Smith et al., 2011) . While a consistent bias is present (more severe in the deeper layers) the model simulates the variability of the soil moisture well, with results similar to open loop (OL) in Figure 1 . Furthermore, the observations (with the exception of the wetter portion of the 60-90 cm soil moisture) fall within the model parameter limits of wilting point, field capacity and saturation. The bias in the deeper layers is a result of using A horizon (average depth of 30 cm) soil parameters throughout the soil column to a depth of 4.6 m.
Gravity
Gravity varies both temporally and spatially, and is a function of: latitude and elevation; earth and oceanic tides; subsurface, surface and atmospheric mass distribution and density (Smith et al., 2005) . In this study it is assumed that the gravity data has been corrected for all other effects and therefore is a measure of subsurface hydrological mass (or terrestrial water storage) only.
Gravity is synthetically generated from terrestrial water storage (TWS) using the Bouguer slab approximation. This approximation is derived by calculating the gravitational attraction of a vertical cylinder and extending the radius to infinity (Telford et al., 1990) . The gravitational attraction of a slab is proportional to its density and thickness. There is a change in gravity if density is held constant with a change in height (useful for representing water table fluctuations), or if thickness is maintained and density varied (useful for modelling vertical soil moisture changes).
If the soil moisture and groundwater are converted to a hydrological mass and summed the resulting terrestrial water storage (TWS) is related to gravity (g) by g = 41.92TWS
( 1) where g is gravity (µGal) and TWS (cm) is assumed to have a constant density (1 g/cm 3 ).
Synthetic gravity observations are generated from half-hourly TWS that is averaged over a month. The gravity observations are a difference of monthly averages representing initially expected GRACE observations (Swenson and Wahr, 2002) . Note these monthly differences can be computed by post-processing the (monthly) anomaly product actually generated by each GRACE data centre.
As the land surface model (CABLE) does not explicitly model groundwater the predicted gravity (and TWS) is calculated by summing soil moisture over the model depth (4.6 m)
where θ i is modelled (volumetric) soil moisture for CABLE layer i and z i is thickness of that layer. The (synthetic) gravity observations are calculated from observed soil moisture and groundwater using a specific yield equal to the maximum observed 60-90 cm soil moisture (an estimate of soil saturation) and the assumption that 60-90 cm soil moisture represents moisture from 60 cm to the water 
where θ k−l is observed soil moisture from k to l cm and W T is observed water table depth (positive downwards). Note W T is always less than 4.6 m. (Pipunic et al., 2008) . From twenty ensemble members two extreme cases are selected, one with 243 mm of annual rainfall (denoted DRY) the other (denoted WET) with 1219 mm, these compare to annual observed rainfall of 595 mm.
Perturbed Forcing

DATA ASSIMILATION
The approach used for the data assimilation is a brute force variational method similar to Sabater et al. (2007) , using the model independent parameter estimation software PEST (Doherty, 2010) . PEST adjusts user specified parameters to minimise the sum of squares of differences between model predictions and observations over a fixed window using the Levenberg-Marquardt algorithm.
As GRACE observations are monthly gravity anomalies (the difference between the monthly observed and climatological average gravity) the window is one month and the observations are differences of average gravity over adjacent monthly windows. The retrieved parameters are initial soil moisture conditions for the window. The window moves through one year (2005) retrieving new soil moisture initial states at the beginning of each month, corresponding to the best fit with observed change in total terrestrial water storage for that month.
The optimisation scheme of the variational assimilation adjusts the (log of) soil moisture for the first time step of the assimilation window. The (initial) soil moisture is adjusted for model layers 1, 4, 5, and 6 only, with the (initial) soil moisture of the second and third model layers computed as a ratio of the (adjusted) soil moisture of the first layer based on that observed at the end (last timestep) of the previous assimilation window. The second and third model layers are tied to the first due to a strong correlation that results in very similar monthly averages for all three layers over the assimilation period.
In addition to ratios of soil moisture (for layers 1 and 2, and layers 1 and 3) from the end of the previous assimilation window, the four soil moisture states (model layers 1, 4, 5, and 6) are also used as a prior and effectively assimilated as additional observations. The previous soil moisture is used as a prior to make the assimilation smoother, both temporally and vertically throughout the profile. Both using a prior (increasing the number of observations) and tying the top three model layers (reducing the number of estimated model states) improves the identifiability of the states and consequently the performance of the assimilation.
The parameters, a priori initial conditions and forcing of the open loop and assimilation runs are identical. The only difference between open loop and assimilation runs is that gravity observations are assimilated.
RESULTS
The gravity difference assimilation consistently improves soil moisture over all depths and also TWS estimates (Table 2 and Figure 1) . When using gravity differences there are only eleven observations for the year, consequently the open loop and assimilation runs are identical in January. Furthermore, there is virtually no improvement in soil moisture estimates in the drier first half of the year (January to June) due to the negligible amount of month to month TWS change. Modest improvements in soil moisture prediction from the gravity assimilation are evident in the wetter portion of the year (July through to December). While the improvements are larger for the dry open loop case it should be noted that the soil moisture prediction after assimilation is roughly consistent between both the dry and wet open loop cases. Furthermore it is evident that the gravity assimilation retrieves the true (observed) soil moisture variance fairly well, but cannot correct the bias evident in Table 2 and Figure 1 . Due to a lack of precipitation the dry open loop variance is underpredicted (compared to the variance of the observations) and this is why the gravity assimilation is more effective in this case. Interestingly, in the wet open loop case the soil moisture is still underpredicted (although the variance is more accurate in the deeper layers) due to A horizon (average depth of 30 cm) soil parameters being used throughout the profile to a depth of 4.6 m. The A horizon soil has a high sand content with a correspondingly high hydraulic conductivity. It is believed significant improvement in gravity data assimilation performance (and open loop model performance) would result from the use of more accurate soil parameters, particularly the hydraulic parameters.
It should be noted that the improvement in soil moisture estimates at the end of the year (last timestep) are larger than at the beginning (due to the assimilation and open loop starting with the same initial conditions), therefore larger improvements in the soil moisture retrieval would be expected in the following (and subsequent years) if the assimilation period were to be extended. The bias evident in open loop predictions is reduced, though still present in the assimilation runs with gravity assimilation clearly unable to significantly improve bias. However, variability of the observations is well retrieved particularly for TWS and 60-90 cm soil moisture (Table 2 and Figure 1 ).
CONCLUSIONS
Variational assimilation using gravity difference observations reduced 0-30, 30-60, and 60-90 cm soil moisture and terrestrial water storage (TWS) bias compared to the open loop. Gravity data assimilation also improved 0-30, 30-60, and 60-90 cm soil moisture and TWS variability, bringing it closer to observations than the open loop. It is believed that assimilation performance would improve significantly further with more realistic model soil parameters, as model calibration was not performed in this study.
A gravity difference observation (rather than the absolute gravity value) is used as no knowledge of the period used to generate the background mean for gravity anomalies (available from GRACE data centres) is required. Furthermore, the background mean gravity field used in deriving the products may change in the future as more gravity data becomes available, and LSM forcing data may not be available to generate a modelled background mean for the same period. Consequently, it is recommended that if the period of the background mean is unknown, or data for this period unavailable, gravity anomalies be differenced and the gravity difference assimilated.
The current work could be extended by considering gravity anomalies (rather than differences) such as are currently provided by the GRACE data centres. Furthermore the method should be applied to GRACE data in a spatial setting using a gridded land surface model.
